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Abstract 
 The top and bottom of the pedicles are used as landmarks for 3D stereo radiographic reconstruction of vertebrae. 
At present the landmark identification is manual that can cause observer variability which in turn reduces the accuracy of 
3D stereo radiographic reconstruction. A semiautomatic method for segmenting pedicles from biplanar (PA and Lateral) 
vertebral radiographs is proposed here. Mathematical morphology is proposed for enhancement and Gradient Vector Flow 
(GVF) snake model is proposed for pedicle segmentation. The conventional theoretical concept of image enhancement has 
been extended to the regime of multiscale mathematical morphology. Structuring element in this method is multiscale. 
Bright and dark features at various scales of radiographs are extracted using multiscale tophat transformation. These 
multiscale features are combined to reconstruct the final modified image. Therefore the contrast of radiograph is enhanced 
locally.   
GVF snake model is used for segmenting the pedicles from the enhanced radiograph.  A comparison is made 
between the segmented radiographs with and without the morphological enhancement. Results demonstrated that the 
distance between contours manually delineated by the user and those segmented by the proposed algorithm is far less than 
the distance resulted from the traditional GVF snake without morphological enhancement. The morphological enhancement 
produces better segmentation results even with noisy and low contrast radiographs. The proposed method enables the 
automatic landmark identification from the segmented radiographs which will remove observer variability that in turn 
increases the 3D reconstruction accuracy. Hence the proposed method might be a useful preprocessing tool for 3D stereo 
radiographic reconstruction. 
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1. Introduction 
The spine is a very complex anatomical structure, the pathological deformations of which have traditionally 
been evaluated in 2D using posteroanterior (PA) and/or lateral (LAT) view radiographs [1]. The advanced 3D 
imaging techniques like computed tomography (CT) and magnetic resonance imaging (MRI) fail in the 
diagnosis of spinal deformities as they are obtained on a patient in supine position. Also they have restricted 
usage. Although CT can provide more information for the deformity assessment, it is expensive and the patients 
are exposed to the higher level of radiation. MRI is also expensive 
having surgical implants which are common among the patients with spinal deformities [2]. Hence stereo 
photogrammetry is the only technique available for 3D reconstruction.  
In this 3D radiographic reconstruction, pedicle is one of the most commonly used structures, because it can 
be found in both the PA and LAT views. Pedicles are two short round structures that extend from the lateral 
posterior margins of the vertebral body. Usually, the tops and bottoms of pedicles are identified in radiographs 
as landmarks for 3D reconstruction [3]. The determination of these landmarks on pedicles is very subjective. 
The variance affects the accuracy of 3D reconstruction. In PA radiographs, pedicles are small and low contrast 
experiences and is time-consuming and tedious. Hence a semi-automated method is proposed where 
radiographs are enhanced using multiscale morphology and then segmented using gradient vector flow (GVF) 
snake model.  
Improving the contrast is an important aspect in the enhancement of a radiograph. Conventional image 
enhancement techniques are broadly classified into two categories including the spatial domain techniques and 
frequency domain techniques. Usually, the problem of poor contrast in the image is usually solved in the spatial 
domain, by gray modification or by histogram equalization technique. The histogram equalization treats the 
image globally, so it is not suitable for radiographs. Mathematical morphology has been extensively applied to 
image processing and analysis. Many morphological algorithms have been proposed in the fields of image 
enhancement, feature extraction, shape analysis, etc. Mathematical morphology is based on set theoretic 
concepts of shape. In morphology objects present in an image are treated as sets. The image is detected by a 
structuring element in order to get information about it. The information is related to the size and shape of the 
structuring element. Dilation and erosion are the basic operations in morphology [4]. Structuring element in this 
method is multiscale. Bright and dark features at various scales of x-ray image are extracted using multiscale 
(white or black) tophat transformation. These multiscale features are combined to reconstruct the final modified 
image. Therefore the contrast of radiograph is enhanced locally and the features of the original image are very 
clear. Morphological difference towers are built to implement the method [5]. 
A snake [6] is a deformable curve guided by the internal and external forces. Compared with other image 
segmentation methods, the snake model can directly provide a closed contour from noisy images. The GVF 
snake model creates the GVF force as the external force which has larger capture range and can attract the 
snake into boundary concavities. However, due to the low contrast and high noise of radiographs, the GVF 
snake model cannot satisfactorily segment pedicles in radiographs. Hence morphological enhancement is 
incorporated to achieve better segmentation results.         
 The pedicles are first segmented in PA radiograph and the top and bottom of each pedicle are then 
calculated as landmarks automatically. With the corresponding landmarks identified in LAT radiograph, the 3D 
coordinates of these landmarks can be estimated by using the direct linear transformation (DLT) algorithm [2] 
for stereo radiographic 3D reconstruction. 
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2. Local contrast stretching: 
 
In radiographs contrast over a small region is very poor and a relatively smaller number of pixels in such 
areas are insufficient to have any significant influence on the computation of global transformation. So the 
conventional histogram stretching or histogram equalization technique fails to serve the purpose. Such images 
need local enhancement and the technique by which this can be achieved is called local contrast stretching. 
A contrast stretching method using local statistics suggested by Lee [7] amplifies the difference between 
gray level g(r, c) and mean gray level  (r, c) over a predefined neighborhood surrounding the pixel (r
 
 
       (1) 
where k is a global amplification factor and is greater than one. However, this kind of transformation using only 
local gray level statistics cannot distinguish between consistent variation in intensity over a region and the 
variation in intensity due to presence of a feature (bright or dark) within a region. So it may stretch contrast 
evenly in both the cases. As a result, undesired contrast intensification takes place at some regions of the image, 
which may require further processing such as de-enhancement. On the other hand, if local contrast is stretched 
based on the presence of spatial features, then this problem can be avoided completely. As mathematical 
morphology is an appropriate tool for dealing with spatial features or shapes, Eq. (1) in can be modified in 
terms of mathematical morphological operators. 
 
2.1 Multiscale mathematical morphology 
 
    In mathematical morphology, the objects in an image are considered as set of points and operations are 
defined between two sets: the object and the structuring element (SE). The shape and the size of SE is defined 
according to the purpose of the associated application. Basic morphological operations are erosion and dilation. 
Other operation like opening (closing) is sequential combination of erosion (dilation) and dilation (erosion). 
Dilation of a gray scale image g(r, c) by a two-dimensional point set B is 
 
(       (2) 
Similarly, erosion of f (x, y) by B is defined as 
 
      (3) 
 
    The shape of the structuring element B plays a crucial role in extracting features or objects of given shape 
from the image. However, for a categorical extraction of features or objects from the image based on shape and 
size one must incorporate a second attribute to the structuring element which is its scale. A morphological 
operation with a scalable structuring element can extract features based not only on shape but also on size. Also 
features of identical shape but of different size are now treated separately. Such a scheme of morphological 
operations where a structuring element of varying scale is utilized is termed as multiscale morphology [8] 
Multiscale opening and closing are defined, respectively, as 
 
(        (4) 
(        (5) 
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where n is an integer representing the scale factor of the structuring element. If B is convex nB is obtained by 
dilating B recursively n - 1 times with B itself as 
 
          (6) 
    ____________________  
 (n-1) times 
 
By convention nB = {(0,0)}  when n = 0. 
 
2.2 Multiscale tophat transformation 
 
     The tophat transformation provides an excellent tool for extracting bright (respectively, dark) features 
smaller than a given size from an uneven background. It relies on the fact that by gray-scale opening, one can 
from the original one yields an image where the features that have been removed by opening clearly stand out. 
Similar thing is true for closing operation also. That means using a closing instead of an opening and 
subtracting the original image from the closed one helps us extract dark features from a brighter background. 
Suppose the structuring element used in both opening and closing is a disk, or, more specifically, a discrete 
approximation of disk. Therefore, the tophat transformation decomposes an image into two parts as given by  
 
      (7) 
                ________      ____________________ 
     Part 1                  Part 2 
 
      where B is a disk in discrete domain. Fig. 1 shows an example of bright tophat transformation for a one 
dimensional signal x. Let us call part 1 of Eq. (7) the base image with respect to B(r, c) and let us call part 2 of 
Eq. (7) the feature image at size of B, as it contains all the bright features of g(r, c) that are smaller than the size 
of B.  
  
  
 
 
 
 
 
 
 
 
 
 
 
Fig.1. Illustrating tophat transformation through gray level opening: (a) Original function ; (b) Function opened with circular disc; (c) 
Superposition of the previous two; (d) Features after tophat transform 
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    An ordered sequence of morphological tophat filtering through opening (closing) of the image with a disk 
structuring element at different scales extracts scale-specific features resulting from the multiscale tophat  
transformation of the image can be amplified selectively to achieve local contrast stretching. 
 
2.3. Local contrast enhancement 
 
    The tophat transformation decomposes an image into two parts as described in Eq. (7), where (g  B)(r, c) is 
opening of gray level image g(r, c) by a gray level structuring element h(r, c) defined as 
 
 
  
 
 Then the gray level structuring element h(r, c) at scale n, in this case, may be defined as 
 
 
  
 
     The feature image [i.e. part 2 of Eq. (7)] gives a measure of local contrast in the original image due to 
presence of bright features.Hence, combining equations (1) and (7) the following transformation for local 
contrast stretching is proposed: 
 
      (8) 
 
 where k is again a global amplification factor and is greater than one. So this transformation makes bright 
features brighter and, thus, improves the local contrast. 
      Let us denote part 2 of Eq. (7) as (r,c) (features of size less than that of B obtained by opening to enhance 
bright features) and  (r,c) (features of size less than that of B obtained by closing to enhance dark features). 
To obtain the modified image in which both bright and dark features are stretched locally we can rewrite Eq. (8) 
as 
 
      (9) 
Suppose the features up to the scale m are needed to be enhanced then  
 
      (10) 
 The constant multiplier 0.5 is used for assigning equal or impartial weightages to both dark and bright features. 
 
3. Gradient vectror flow (GVF) sanake model 
 
     Active contours, or snakes, are curves defined within an image domain, that can move under the influence of 
internal forces within the curve itself and external forces derived from the image data. The internal and external 
forces are defined so that the snake will conform to an object boundary or other desired features within an 
image.  
          There are two key difficulties in the design and implementation of active contour models. First, the initial 
contour must, in general, be close to the true boundary or else it will likely converge to the wrong result. 
Second, active contours have di¦culty progressing into boundary concavities. A new method has been 
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developed, a new external force, called gradient vector flow (GVF), which largely solves both problems [9]. 
GVF is computed as a diffusion of the gradient vectors of a gray-level or binary edge map derived from the 
image. The resultant field has a large capture range, which means that the active contour can be initialized far 
away from the desired boundary. The GVF field also tends to force active contours into boundary concavities, 
where traditional snakes have poor convergence.  
 
3.1  Traditional snakes 
 
 A traditional snake is a curve x(s) = [x(s), y(s)], (s [0, 1]), that moves through the spatial domain of an image to 
minimize the energy functional 
  
      (11) 
 
 
the first and second derivatives of x(s) with respect to s. The external energy function Eext is 
derived from the image so that it takes on its smaller values at the features of interest, such as boundaries. 
Traditionally, the external force is formed by the gradient of the image or image edge map, which cannot pull 
overcome this limit, the gradient vector flow (GVF) snake model is used. 
 
3.2 GVF snakes 
 
 GVF snake model replaces the traditional external force with the GVF force v(x, y), which is defined as the 
equilibrium solution of the following vector diffusion equation: 
 
         (12) 
  
where 2 is the Laplacian operator,  is the gradient operator, f is the magnitude edge map of an image, and μ is 
a regulation parameter. The GVF force is nearly equal to the gradient of the edge map when it is large, but is 
slowly varying in homogeneous regions. Therefore, the GVF force has larger capture range, and under its 
influence the snake can move into boundary concavities. 
    An elliptical shape prior can be incorporated in GVF snake model in order to improve the performance of 
segmentation [10]. This increases the complexity of the model, at the same time fails in proper segmentation of 
noisy and low contrast radiographs. 
 
4.  Implementation 
 
4.1 Enhancement of the radiograph 
 
    The radiograph is made to undergo a sequence of gray scale morphological opening operations with a disc 
structuring element and its higher order homothetics. The resulting sequence of images is kept in a stack called 
the opening tower. An identical tower, called closing tower, is constructed with the sequence of the images 
resulting from multiscale closing of the input image. Therefore the ith entry in the opening tower contains the 
image opened with the structuring element iB. 
    The pixel values of opened image is less than or equal to that of the original image. Subtracting the opened 
image from the original one produces the feature image made up of bright features specific to the scale of the 
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SE. Each entry of the opening tower is subtracted individually from the original image and the resulting bright 
feature images are then kept in corresponding entries in another tower called the difference tower. An identical 
difference tower is constructed for the dark feature images obtained by subtracting the original image from each 
entry of the closing tower. Therefore the ith entry in the difference tower for opening contains an image 
consisting of bright features which are smaller than or equal to iB. 
    For reconstructing the final image all the entries in the difference tower corresponding to the opening 
operation are summed up. This result in an image consisting of bright features of all possible scales of interest 
those are present in the original image. Same operation is repeated with closing operation to get dark features. 
Finally, the locally enhanced image is obtained by combining these three images as given by Eq. (10). 
 
4.2 Pedicle segmentation 
 
  To compute GVF for gray-level images, the edge-map function f(x,y) must first be derived from the 
image I(x,y) having the property that it is larger near the image edges. Hence the following function is used. 
 
         (13) 
 
Where i = 1, 2, 3, or 4. The gradient field f has vectors pointing toward the edges, but it has a narrow capture 
range, in general. Furthermore, in homogeneous regions, is constant, f is zero, and therefore no information 
about nearby or distant edges is available [10]. Given an edge-map function and an approximation to its 
gradient, GVF is computed in the usual way using Eq. (12). 
 
5. Experimental Results 
 
   PA and LAT radiographs of vertebrae L1 and L2 shown in Fig. 2 are used to implement the proposed method.  
Pedicles in the PA radiograph have to be segmented for landmark identification. 
 
 
  
 
 
 
 
 
 
 
 
 
Fig. 2 PA and LAT radiographs of vertebrae L1 and L2 
 
    PA image is enhanced using multiscale mathematical morphology. Here m=6 and B is 3x3 disk shaped SE. 
The boundaries are clearly seen in the enhanced image shown in Fig. 3.   
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Fig. 3 Original and enhanced PA radiographs of L1 and L2 vertebrae 
 
    GVF snake model is used on these images to segment the pedicles. Fig. 4 and Fig. 5 show the segmentation 
results. Manually delineated contours representing actual pedicles are shown in Fig. 4(a) and 5(a) for L1 and L2 
vertebra respectively in red contour. GVF snake segmentation without multiscale morphological enhancement is 
shown in Fig. 4(b) and 5(b). Blue contour represents the snake initialization and red contour represents the 
segmented output. GVF snake segmentation after multiscale morphological enhancement is shown in Fig. 4(c) 
and 5(c). The method is semiautomatic as the snake initialization is done manually. The pedicle segmentation 
after morphological enhancement show better results than the one with no enhancement.  
 
 
 
 
 
 
 
 
 
 
Fig. 4 Pedicle segmentation of L1 vertebra: (a) Manual segmentation after enhancement; (b) GVF snake segmentation without 
enhancement; (c) GVF snake segmentation with enhancement [Blue contour  snake initialization, Red contour  after segmentation] 
 
Fig. 5 Pedicle segmentation of L2 vertebra: (a) Manual segmentation after enhancement; (b) GVF snake segmentation without 
enhancement; (c) GVF snake segmentation with enhancement [Blue contour  snake initialization, Red contour  after segmentation] 
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    To quantitatively evaluate the performance of segmentation algorithms, distances between contours manually 
delineated by the user and those segmented by the proposed algorithm are calculated for four pedicles in L1 and 
L2 vertebrae. Two distance measures, the average minimum Euclidean distance (AMINDIST) [11] and the 
Hausdorff distance [12], are considered. The AMINDIST measures the average distance, while the Hausdorff 
distance measured the maximum distance between two contours. It is found that under the same contours 
initialized by the user, the mean AMINDIST and Hausdoff distance under the proposed method are 4.4 and 11.5 
pixels, respectively, which were far less than those under the traditional GVF snake without morphological 
enhancement, i.e., 13.3 pixels for AMINDIST and 26.7 pixels for Hausdorff distance. 
 
     
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 6 Pedicle segmentation results using proposed method (a)  (d) L2- L5 vertebrae of first radiograph; (c)  (f) L3-L5 vertebrae of second 
radiograph 
 
    To validate this method, 14 pedicles from two different radiographs are segmented as shown in Fig. 6 using 
proposed method. The mean AMINDIST and Hausdoff distance under the proposed method found to be 5.3 and 
12.7 pixels respectively, which are close to the above results.  
    Currently, such fine structure in vertebra like pedicle is usually detected manually. The results of the 
proposed algorithm demonstrated its promising application in the landmarks identification for 3D 
reconstruction. 
 
6. Conclusion 
    
    Observer variability in landmark identification is a serious cause of errors in 3D stereo radiographic 
reconstruction. This can be removed by employing automatic landmark identification procedure. This requires 
an efficient pedicle segmentation method with minimal human intervention. Proposed semiautomatic method 
has minimum human intervention that is limited to snake initialization. However, because of the low contrast 
and faulty edges in vertebral images, it was difficult to detect pedicles by the traditional GVF snake model. In 
this study, multiscale mathematical morphological enhancement is incorporated before the GVF snake model to 
segment pedicles. With the enhancement, the GVF snake successfully evolved to the pedicle boundaries.  
    Both the qualitative and the quantitative evaluation of segmentation results indicate that utilizing the 
enhancement in prior can significantly improve the GVF snake for segmenting pedicles in radiographs. Hence 
the proposed method might be a useful pre-processing tool for 3D stereo radiographic reconstruction. 
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